[1] Soil hydraulic parameters were upscaled from a 30 m resolution to a 1 km resolution using four different aggregation schemes across the Little Washita watershed in Oklahoma. A topography-based aggregation scheme, a simple homogenization method, a Markov chain Monte Carlo (MCMC)-based stochastic technique, and a Bayesian neural network (BNN) approach to the upscaling problem were analyzed in this study. The equivalence of the upscaled parameters was tested by simulating water flow for the watershed pixels in HYDRUS-3-D, and comparing the resultant soil moisture states with data from the electronically scanned thin array radiometer (ESTAR) airborne sensor during the SGP97 hydrology experiment. The watershed was divided into pixels of 1 km resolution and the effective soil hydraulic parameters obtained for each pixel. The domains were then simulated using the physics-based HYDRUS-3-D platform. Simulated soil moisture states were compared across scales, and the coarse scale values compared against the ESTAR soil moisture data products during the SGP97 hydrology experiment period. Results show considerable correlations between simulated and observed soil moisture states across time, topographic variations, location, elevation, and land cover for techniques that incorporate topographic information in their routines. Results show that the inclusion of topography in the hydraulic parameter scaling algorithm accounts for much of the variability. The topography-based scaling algorithm, followed by the BNN technique, were able to capture much of the variation in soil hydraulic parameters required to generate equivalent soil moisture states in a coarsened domain. The homogenization and MCMC methods, which did not account for topographic variations, performed poorly in providing effective soil hydraulic parameters at the coarse scale.
Introduction
[2] Upscaling of soil hydraulic parameters is an issue of extreme importance in soil and water research. Water dynamics through the vadose zone is a major controlling factor in the hydrologic response of a watershed, and in the partitioning of incident precipitation into surface and subsurface components of the water balance in the basin. The vadose zone also acts as a filter against potential surface contaminants entering the groundwater. Modeling of related phenomena such as global circulation for climate prediction, river restoration, streamflow estimation, and fate and transport of contaminants, all require soil hydraulic parameter data from the vadose zone in some form or other. Some models directly utilize the soil hydraulic parameters such as the saturated hydraulic conductivity, the saturation water content, or the van Genuchten shape parameters as input data. Other models need the soil moisture state information, which can be simulated using the soil hydraulic parameters and the environmental conditions of the domain under study. All the above mentioned models have an inherent scale at which they are applied. For example, the climate prediction models work at very coarse, continental, or global scales. Streamflow models work at regional or watershed scales, while contaminant transport models work at fine, local scales. Soil moisture state may be measured at local scales using in situ sensors, or at coarse scales using satellite-based remote sensors. Soil hydraulic parameters, on the other hand, are generally measured at the local scales only. Measuring these parameters at all scales required by the above models is impractical both in economic, as well as in logistic sense. As a result, the need for efficient and accurate upscaling of fine scale soil hydraulic parameter data to coarser model scales is acutely felt by researchers.
[3] A significant amount of variability exists in the vadose zone, both in terms of soil properties, as well as the geological and environmental factors. As coarser scales are considered, these variations increase [Mohanty and Mousli, 2000; Vereecken et al., 2007] . At the finer local or field scales (meter scale), most variability is found in the soil texture and structure properties. At the hillslope (kilometer) scale, the variation in topography is added to the complexity. At yet larger watershed or regional (few hundred kilometers) scales, changes in vegetation are also significant. Upscaling is the process of replacing such a heterogeneous domain with effective homogeneous properties which generate the same responses such as soil moisture states, and surface and subsurface fluxes. Understanding how the hydraulic parameters are affected at different scales by the spatial variability of influencing factors such as soil structure and texture, vegetation, and topography is an inherent requirement of efficient scaling schemes. While it is known that connections exist between these factors and the hydraulic parameters [Wu and Li, 2006] , the exact mathematical and/or physical nature of these connections is generally unknown. Over the past few decades, efforts to either understand these connections and solve these unknowns, or to find a way around them so as to obtain effective parameters at multiple scales have intensified.
[4] The Miller similitude theory [Miller and Miller, 1956; Shouse and Mohanty, 1998 ] took the first step toward this goal by reducing the dimensions of soil particles and pores in terms of a characteristic length scale. A detailed review of the history of upscaling methods developed over the years may be found in the work by Vereecken et al. [2007] . Most algorithms were developed to upscale soil hydraulic parameter data from local scales to slightly coarser field scales. As such, these methods are concerned with the variability in the soil texture and structure alone, and tend to ignore the effects of other factors such as topography or vegetation, on the parameter value. Since the coarser domain in these cases is of the order of a few hundred meters, this assumption of homogeneous terrain and vegetation may be reasonable. However, when applying these same scaling schemes at much larger extents, for example to satellite footprint scales of kilometers, this assumption is no longer valid. In an earlier study [Jana and Mohanty, 2012a] we developed an algorithm to explicitly account for changes in topography within a heterogeneous soil domain while upscaling soil hydraulic parameters to obtain effective values. The topography-based scaling algorithm was tested [Jana and Mohanty, 2012b] with field data across different topographic, vegetative, and pedological conditions in the Little Washita watershed, Oklahoma. Here we present a comparative study of the topography-based scaling scheme along with three other recent algorithms for soil hydraulic parameter upscaling. A simple homogenization technique, a Markov chain Monte Carlo approach, and a nonphysically based Bayesian neural networks approach to derive upscaled soil hydraulic parameters were compared with the topography-based scaling algorithm in this study.
Methods and Materials

Study Area
[5] The Little Washita (LW) River Watershed ( Figure 1 ) in Oklahoma was selected as the test site for this study. Covering parts of Caddo, Comanche, and Grady counties of Oklahoma, the Little Washita River Watershed has an area of about 600 square kilometers, situated in the Southern Great Plains region of the United States. The Little Washita River is a tributary of the Washita River, which drains into the Red River on the Oklahoma-Texas border.
Hydrological and meteorological measurements of the watershed have been conducted for decades, providing scientists a long-term data source to study soil and water conservation, water quality, and basin hydrology [Elliott et al., 1993] . Under continuous hydrological observation since 1936, the watershed has a network of sensors spread across its extent to measure rainfall, temperature, relative humidity, and soil radiation. In the 1990s, the United States Department of Agriculture's Agricultural Research Service (USDA-ARS) set up a network of 42 environmental monitoring stations called the ARS Micronet across this watershed. The watershed has also been the focus of several field experiments such as the Washita '92, Washita '94, Southern Great Plains 1997 (SGP97), Soil Moisture Experiments 2003 (SMEX03), and the Cloud and Land Surface Interaction Campaign (CLASIC) 2007.
[6] The LW region has a moderately rolling topography. The maximum elevation of the watershed is about 500 m above mean sea level, with a maximum relief of about 180 m. Rangeland and pastures are the dominant land use, with patches of winter wheat and other crops [Allen and Naney, 1991] . Soil textures range from fine sand to silty loam, with few exposed bedrock areas. The climate of the region is classified as subhumid/moist, with a mean annual precipitation of 760 mm and mean annual temperature of 16 C. [7] Elevation data for the LW watershed at 30 m resolution was obtained from the National Elevation Data set from the USDA-NRCS Geospatial Data Gateway [http:// datagateway.nrcs.usda.gov]. From the same source, the National Land Cover Data set, and the Soil Survey spatial and tabular data (SSURGO) were also obtained for the LW region. Daily precipitation and stream discharge data were obtained from the USDA-ARS Micronet database maintained by the Grazinglands Research Laboratory [http:// ars.mesonet.org/] for the months of April-July 1997. Precipitation data from the 42 meteorological observation stations across the watershed were used to create daily precipitation maps by kriging. The corresponding precipitation value for each pixel was assigned as the time dependent boundary condition for the day.
Data Sets
[8] Soil moisture data products from the electronically scanned thin array radiometer (ESTAR) for the LW region are available from the NASA-GSFC's Goddard Earth Sciences Data and Information Services Center [http://daac. gsfc.nasa.gov/]. The ESTAR data is collected using the L-band passive microwave mapping instrument mounted on an airplane. The sensor measures the microwave brightness temperatures, which are then converted to predict soil moisture estimates. The data are processed to produce geo-referenced gridded products for each day of observation at a pixel resolution of 800 m. A detailed description of the ESTAR data and processing may be found in the work by Jackson et al. [1999] . The ESTAR soil moisture data product was used in this study to validate the outputs from the simulation of the LW domain using HYDRUS-3-D. ESTAR soil moisture data is available for 16 days in the period between mid-June and midJuly 1997 (DOY 169 to 197) . This is the period during which the SGP97 hydrology experiment was conducted in the LW region .
Physical Domain Setup
[9] The HYDRUS-3-D hydrologic simulation software [ Simu°nek et al., 2006] was used to simulate the soil domains. The HYDRUS software package solves the modified Richards' equation for water flow in saturated/unsaturated domains using numerical techniques. The HYDRUS software allows the user to analyze water flow through saturated, partially saturated or unsaturated regions with irregular boundaries, and composed of nonuniform soils. HYDRUS-3-D allows for three dimensional flow representations in the unsaturated zone. The governing flow equation, a modified form of the Richard's equation, is given by
where is the volumetric water content, h is the pressure head, S is a sink term, x i (i ¼ 1, 2) are the spatial coordinates, t is time, K A ij are components of a dimensionless anisotropy tensor K A , and K is the unsaturated hydraulic conductivity, given by Kðh; x; y; zÞ ¼ K s ðx; y; zÞK r ðh; x; y; zÞ;
where K r and K s are the relative and saturated hydraulic conductivities.
[10] The entire Little Washita watershed was divided into a grid of 1000 m Â 1000 m pixels (Figure 1 ). Twelve pixels of 1 km Â 1 km size were selected from across the watershed for analysis, based on their location, topography, land cover, and soil type so as to encompass the variety in the watershed, as shown in Figure 1 . Elevation data at 30 m resolution was extracted for each selected pixel using a GIS software. The data was then fed to the HYDRUS-3-D environment to create the geometry of the domain. A minimum soil depth of 6 m was maintained across all pixels. Corresponding soil properties data from the SSURGO database are extracted for each pixel and, using the ROSETTA [Schaap et al., 2001] framework within HYDRUS-3-D, the corresponding soil hydraulic parameters for the van Genuchten-Mualem model with no hysteresis were obtained. The Mualem-van Genuchten functions [van Genuchten, 1980] are Figure 1 . Little Washita watershed study area, location of selected pixels, stream gauges, meteorological stations, and some input layers for modeling.
where water content is a nonlinear function of pressure head h, S e is the relative saturation (-), r and s are the residual and saturated water contents (cm 3 cm
À3
), respectively, (cm À1 ), n (-), m (-), and (-) are shape parameters of the retention and the conductivity functions, K s is the saturated hydraulic conductivity (cm d À1 ), and m ¼ 1-1/n.
[11] These soil types were designated in the HYDRUS-3-D domain. Similarly, for each pixel domain, the land cover data is extracted and suitable root water uptake parameters are assigned. The Feddes model for the root water uptake was applied in our study, with a maximum rooting depth of 1 m, and no solute stress. Water tables were assigned to the domain based on its location in the watershed following the study by Kollet and Maxwell [2008] . Pixels close to the streambed had water tables at 1 m, while those farthest from the stream were assigned water tables at 4 m depths.
[12] Finite element meshes were generated for each pixel with 20 horizontal layers and node spacing of 30 m. The top surface was assigned an ''atmospheric boundary'' condition, while the walls of soil plot were designated as seepage faces to enable lateral flow of water through the soil domain. The lower boundary had a deep drainage condition. The mathematical formulations and features of the boundary conditions are given by Jana and Mohanty [2012a] . Initial condition of the soil profile was given by soil water content just under saturation for the domain since a significant precipitation even occurred immediately before the commencement of the simulations.
[13] Initially, each node in the FEM was assigned one of the soil types based on the fine scale SSURGO data. The five soil hydraulic parameters-residual soil water content ( r ); saturation water content ( s ); van Genuchten parameters and N; and the saturated hydraulic conductivity K s were upscaled using each of the methods described below to the coarse (1 km) resolution. Instead of coarsening the FEM grid, we assigned the aggregated effective soil hydraulic parameters to each node within the upscaled pixel footprint. This was done so that the computational integrity of the FEM is consistent across all scales. It must be noted that while the soil types or hydraulic parameter values are assigned by the user to the nodes, the HYDRUS program interpolates the values to the 3-D elements in the mesh. The pixel domains with the upscaled soil hydraulic parameters are then put through the same simulation and soil moisture updating procedure as before.
[14] Each 1000 m Â 1000 m pixel is simulated in HYDRUS individually for a period of 1 day at a time. Using the elevation information at 1 km, the flow direction of surface water out of each pixel is determined using a d-inf algorithm as described by Tarboton [1997] . Surface runoff generated daily by each pixel is computed as the difference between the precipitation and the infiltration. This excess water is then routed to the downstream pixel based on the flow direction map, and the surface soil moisture of the downstream pixel updated to reflect the increased water content. Subsurface flux connections between individual pixels were implemented using seepage faces. Seepage face boundary conditions allow for the removal of water from the saturated portions of the domain boundary. This volume of water ejected from each cross sectional boundary above the water table is added to the nodes of the adjacent pixel's seepage face which are above the water table and have not attained saturation, at each daily time step to update the soil water contents in the subsurface layers.
[15] Once all pixels have been updated, they are then simulated for the next day. This process is repeated for the duration of simulation period which spanned for three months-from mid-April 1997 to mid-July 1997. The first two months were considered as the model spin-up time to allow the domain characteristics to stabilize, and only outputs for the last 1 month were used in the analysis.
Topography-Based Aggregation
[16] The power average operator, as described by Yager [2001] is used in this study to coarsen the soil hydraulic parameter values, as implemented by Mohanty [2012a, 2012b] . Two types of aggregating methods are combined in this technique. In mode-like methods, the emphasis is on finding the most probable value of a parameter from a given set [Yager, 1996] . In mean type aggregation, the goal is to find the average value of the given set. By combining the features of both the aggregating methods, the power average technique provides itself as an ideal tool for use in scaling of soil hydraulic parameters. Generally, soil pedons clustered around a location tend to have similar properties, with the correlation dying out as the distance between two points increases. This means that the aggregating method must take into consideration the mutual support the pedons extend to each other when clustered.
[17] The power average operator is defined as
where
P Ã is the power average of the parameter values p 1 . . . p n . Supðp i ; p j Þ is the support for p i from p j . This feature allows data clustered around a particular value to combine nonlinearly while being aggregated. The support function is the crux of the power average method. A general form of the support equation is given by
where ! 0. This function is continuous, symmetric and lies in the unit interval, as required. The power law form of the support function is similar to the form of the transmissivity profile used in the TOPMODEL algorithm to compute the topographic index [Iorgulescu and Musy, 1997] .
[18] The model parameter can be considered as a scale parameter. Since other factors such as vegetation and environmental variations are held constant in this case, depends on the elevation differential and the distance between observations. The value of is given by the formula
Here x; y; and z are the Cartesian coordinates of the point, while S is the scale (resolution) to which the hydraulic parameters are being aggregated. The first term on the righthand side is the normalized difference in elevation between the two locations i and j. The second term provides the linear distance between measurement values, normalized by the scale dimension. A distance which may be considered as ''far'' at one scale may not be so at a coarser scale. Hence, normalizing the actual distance by the scale dimension provides a more meaningful way of computing the support function.
Homogenization
[19] Homogenization of soil hydraulic parameters is a simple way of upscaling by spatially averaging the soil hydraulic parameters. Zhu and Mohanty [2002] examined the impact of areal heterogeneity of soil hydraulic parameters on the ensemble response of a pixel-size domain. Different parameter averaging schemes were considered and their outputs compared with effective parameters computed in the basis of the ensemble flux dynamics. Arithmetic, geometric, and harmonic averages of the van Genuchten parameters a and n were tested along with arithmetic mean for K s . Based on their study, they suggested that for averaging spatial variability, arithmetic means could be used for the K s and n parameters, while the upscaled parameter would have a value between the harmonic and arithmetic means, based on the correlation of with K s . In this comparative study we computed the arithmetic, geometric, and harmonic averages for the soil hydraulic parameters in the 12 selected pixels in the LW watershed.
Markov Chain Monte Carlo-Based Upscaling
[20] A Markov chain Monte Carlo (MCMC) based upscaling algorithm developed by Das et al. [2008] to evaluate satellite based soil moisture measurements was adapted for this comparative study. The original work focused on the soil moisture data product from the advanced microwave scanning radiometer (AMSR-E) located on NASA's Aqua satellite. The approach of Das et al. [2008] was to derive the upscaled effective soil hydraulic parameters from a time series of soil moisture data at the AMSR-E footprint scale, and stochastic information of the fine scale soil hydraulic parameter variability. The upscaling algorithm was developed within a Bayesian framework to produce probability distributions of the parameters. In place of the AMSR-E soil moisture product, we used the ESTAR soil moisture obtained using airborne sensors, as described above. This was done in order to compare the performance of the algorithm at the hillslope scales where the ESTAR measurements are representative, rather than at the much coarser AMSR-E footprint scale.
[21] In a Bayesian framework, pre-existing knowledge about the parameters of a model can be combined with actual observations and model outputs. The resulting probability distribution of the parameter, also called the posterior distribution, provides an estimate of the uncertainty in the parameter value based on the prior knowledge and the sampled data values. Model parameters are considered as random variables, each with a particular probability density function (pdf) [Gelman et al., 1995] . Soil hydraulic parameters of the dominant soil type within a footprint based on Soil Survey Geographic (SSURGO) database were assigned as priors. The Mualem-van Genuchten functions (equations (3) and (4)) were used in this study. A normal distribution was assigned to all the hydraulic parameters based on the SSURGO database.
[22] Das et al. [2008] introduce a scale parameter , with a noninformative, uniform prior, to account for the scale disparity. relates fine scale parameters to the effective coarse scale parameter in the form
where P is any soil hydraulic parameter. A set of upscaled parameters was obtained such that
where i is an MCMC realization and i is the corresponding scale parameter.
[23] By Bayes theorem, the condition posterior probability is given by
Here D is the set of measured soil moisture values and P(Z) is the prior joint pdf for the upscaled parameters. P(D) is a normalizing factor while P(DjZ) is the likelihood derived from the coarse scale soil moisture measurements. A detailed description the of algorithm to obtain the posterior pdfs of each of the parameters using a Metropolis algorithm can be found in the paper by Das et al. [2008] and are not repeated here. As mentioned, suitable changes were made to the algorithm to incorporate ESTAR measurements in place of the AMSR-E soil moisture product, without compromising on the integrity of the algorithm.
Multiscale Bayesian Neural Networks
[24] The last upscaling model to be compared was developed by Jana et al. [2008] as a means of applying an artificial neural networks-based pedotransfer function across scales, within a Bayesian framework. The technique consists of training a Bayesian neural network (BNN) with soil texture and structure data at one scale, and to simulate the soil water retention at another. Jana et al. [2008] and Jana and Mohanty [2011] applied the multiscale BNN to downscale soil properties from the SSURGO (30 m) resolution to the point scale. Training inputs to the BNN consist of the percentage of sand, silt, and clay, and the bulk density of the soil, and elevation and vegetation data. The targets were the soil water contents at 0, 0.33, and 15 bars.
[25] If y is the target and x the input data, then the relation between x and y can be described as
where f(xjw) is the functional approximation (described by the ANN) of the relationship between the input and the target, w is the vector of weights and biases for the layers of ANN neurons, and E is the error term. Conventional (standard/deterministic) ANN methodology attempts to find a single set of weights w such that given the training inputs x the network reproduces the training targets y with minimal error E. Bayesian ANNs, however, generate a probability distribution of the layer weights which is dependent on the given input data. Using MCMC techniques, the BNN provides a distribution of the output parameter instead of a single deterministic value.
[26] In this study, we adapted the BNN for upscaling the soil water content. Training data were still obtained from the SSURGO database and the 30 m resolution DEM. The simulation data (soil texture and structure) were obtained from the coarser resolution (1 km) STATSGO database and the 1 km Dem, as mentioned in section 2.2. Since neither the SSURGO or the STATSGO databases report values for the van Genuchten parameters and n, these were estimated from the ROSETTA database within HYDRUS-3-D for both scales. The soil texture and structure data from STATSGO, and the simulated soil water contents at 0.33 and 15 bars form the inputs to ROSETTA at the coarse scale. Neural networks with one input layer, one hidden layer with five neurons, and one output layer were used, with the tangent hyperbolic transfer function, for all cases. This architecture was decided based on the studies by Jana and Mohanty [2008] .
Results and Discussion
[27] Five soil hydraulic parameters-r , s , , n, and K s -were upscaled using the four different upscaling methodologies from 30 m resolution to 1 km resolution for the 12 selected pixels of 1 km Â 1 km size within the LW watershed. Table 1 shows the average elevation (at 1 km resolution), land cover, and average compound topographic index values for the 12 selected pixels. Table 2 shows the fine scale soil hydraulic properties of the materials in the 12 pixels. Except for pixel 4, all other pixels had at least three different soil types distributed in the pixel. The effective soil hydraulic parameter values from each upscaling scheme were compared with the values from the topography-based upscaling. Average daily surface soil moisture states were compared for these pixels for the 16 days on which the ESTAR data product is available.
Comparison of Upscaled Soil Hydraulic Parameters
[28] Aggregate values for the five soil hydraulic parameters at the 1 km scale, as obtained from the four different upscaling algorithms are reported in Table 3 . Since the MCMC and BNN methodologies provide a distribution for each parameter, the maximum, minimum, and average values are reported for these methods. Upscaled values of the five soil hydraulic parameters, as obtained from the homogenization methods for each pixel are plotted in Figure 2 , along with those obtained from the topography-based scaling scheme. As can be seen from Table 3 , and in Figure 2 , the arithmetic, geometric, and harmonic averages for each parameter are very close to each other. Only in the values for the van Genuchten and K s , slight deviations are observed. Table 4 provides correlation information between the homogenized soil hydraulic parameters and those obtained from the topography-based scaling scheme. It can be seen that the best correlations were obtained for the soil water contents r and s , while the van Genuchten n parameter was the least correlated. It is seen in Figure 2 that in most cases the n parameter is overpredicted by homogenization as compared with the topography-based scaling output. The parameter n is dependent on the particle size distribution of the soil, which in turn may be dictated by the topography of the location. A simple homogenization may not be able to capture the clustering of n values based on the relative elevations within a domain; a factor which is considered in the topography-based scaling. This could be the reason for the low correlation of the parameter. Keeping in line with the guidelines suggested by Zhu and Mohanty [2002] , the arithmetic average values of all parameters but the van Genuchten were used in the simulation using HYDRUS-3-D. For , the geometric average, which lies between the arithmetic and harmonic averages, was used.
[29] Upscaled hydraulic parameter values obtained from the MCMC-based algorithm are plotted in Figure 3 , along with the parameters from the topography-based scheme. As mentioned before, the MCMC algorithm, as implemented by Das et al. [2008] provides a distribution for each parameter, but for K s . While the water content values r and s mostly fall within the range of possible values from the MCMC iterations, the shape parameters, and n, rarely do so. The correlations between the averages of the MCMC derived parameters and the topography based scaling outputs are also reported in Table 4 . It is seen that the correlations are quite low for most parameters. MCMC is a statistical technique, rather than a physical model. In the form as implemented by Das et al. [2008] and adapted here, it solves the van Genuchten equations (equations (3) and (4)) at a particular pressure such that the soil moisture value (h) is obtained. This value is compared with the provided ESTAR value and accepted with a particular probability. With a combination of five parameters working to match a single value, the matter of nonuniqueness enters. A total of 45,000 MCMC samples were retained for each parameter, after discarding an initial 5000 samples as model burn-in, with an acceptance rate of around 12%. It is possible that having a larger set of retained samples could widen the range of probable values. For simulation of the soil domain in HYDRUS-3-D, the average values from the MCMC outputs were used for all soil hydraulic parameters.
[30] Variations across the 12 selected pixels in the upscaled soil hydraulic parameters estimated by the BNN methodology are plotted in Figure 4 . From the plots, it is apparent that the s parameter is the best correlated, and is verified from Table 4 . It should be remembered here that the shape parameters of the van Genuchten equation a and n were not upscaled using the BNN methodology, but were derived from the ROSETTA database from the coarse resolution soil texture and structure properties, and the upscaled soil water contents at 0.33 and 15 bars.
Comparison of Average Soil Moisture State With ESTAR Measurements
[31] The 2 selected pixels of the Little Washita watershed were simulated for water movement using HYDRUS-3-D for the three month period beginning mid-April 1997. The first two months were used as model spin-up time to allow for the soil domain characteristics to settle. Analysis is made of only the last month beginning mid-June (DOY 169 to 197) . This is the period when the SGP97 experiment was conducted, and hence the availability of the ESTAR data for this period.
[32] Figure 5 shows the average daily surface soil moisture for each pixel simulated using the different sets of soil hydraulic parameters from the four upscaling methods compared here, along with the ESTAR measurements. It is seen that in most cases, the MCMC-predicted parameters cause an overprediction of the soil moisture state. The homogenized parameters too tend to overpredict the soil moisture in certain cases, especially during the wetter days. It is also seen that the topography-based and BNN soil moisture signatures closely follow each other for the most part. Correlations of the average daily soil moisture simulated using the homogenization, MCMC and BNN derived soil hydraulic parameters with the simulated soil moisture using the topography based scaling are reported in Table 5 . It is seen that the MCMC method provides the least correlation, while the BNN technique has a very high correlation with the topography based technique.
[33] Figure 6 shows the correlations of the simulated soil moistures for each pixel with the corresponding ESTAR soil moisture data product. The correlation values are also reported in Table 11 . It is again noticed that the topography-based and BNN-based soil moisture correspond very well with the ESTAR measurements, followed by the homogenization product. The MCMC based soil moisture is the least correlated overall, with the highest correlation being 0.64 (pixel 9). This observation is in line with correlation values reported by Das et al. [2008] . In their study, correlation values between the simulated and AMSR-E soil moistures for the Oklahoma Little Washita region ranged between 0.32 and 0.61, with an average correlation of 0.51 during the summer period, similar in conditions to our study. The low correlation was attributed by Das et al. [2008] to the inability of the remote sensor to accurately compensate for the high level of vegetation water during this period. As a result, the AMSR-E values were generally lower during the wetter days.
[34] The ESTAR measurements are made using L-band frequencies of the microwave spectrum, and are hence slightly better equipped to account for the vegetation water content [Njoku et al., 2003] . However, the algorithm developed by Das et al. [2008] made use of the long time series of information available for the AMSR-E soil moisture product. In our study we were restricted to the 16 days of the ESTAR observations. This too could be a factor in the performance of the MCMC algorithm as the time available for the algorithm to settle may not be sufficient.
[35] The higher performance of the BNN scaling algorithm may be attributed to the fact that upscaling generally involves interpolation of soil hydraulic parameter values at the fine scale. Downscaling, on the other hand, could involve extrapolation from the averaged values at the coarse scale. Artificial neural networks work much better with interpolation than with extrapolation. As a result, the soil hydraulic parameters output from the BNN methodology match those from the topography-based scaling technique. It should also be noted that the BNN training inputs included the elevation details, thus making this techniques the closest to the topography-based algorithm.
Correlation of Average Soil Moisture Based on the Location and Elevation
[36] Based on the precipitation maps for 1997, it was observed that the western portion of the watershed received more rainfall as compared to the eastern parts. This observation is different from that made by Illston and Basara [2003] , who analyzed the drought conditions in Oklahoma between 1998 and 2000, and note that the western portion of the state is more drought prone as compared to the east. Table 6 shows the correlation coefficients between the simulated and ESTAR measured soil moisture. It is also to be noted that three of the four pixels with the lowest elevations (3, 6, and 7) are situated in the eastern part of the watershed, along with pixel 12. Pixels 1, 4, 5, and 10, having the highest elevations, are located in the western portion of the LW watershed, while the remaining four pixels (8, 9, 11, and 2) are in the middle portion. It may be observed from the ESTAR soil moisture data ( Figure 5 ) that none of the pixels in the middle portion had a significant number of wet days with a soil moisture value above 20%, while two of the three pixels with significant number of dry days, with a soil moisture value less than 10%, were in this region. The fact that the western portion received more rainfall than the east is also verified by most number of pixels with significant number of wet days being in this portion. Pixel 5, which exhibits the most number of wet days, is the western-most pixel selected for analysis. Downstream pixels 2 and 3, which also exhibit higher soil moisture states, are located close to the streambed. This would mean that the influx of water into these pixels is significantly more than the others, which is reflected in the higher soil moisture values.
[37] While there is no apparent trend in the soil moisture predictions using the topography-based, MCMC-based, or BNN-based upscaled soil hydraulic parameters, the homogenized parameters performed slightly better at the lower, eastern locations. The worst performance of the homogenized parameters was in the middle portion of the watershed.
Correlation of Average Soil Moisture State With the Topographic Index
[38] Compound topographic indices (ln A tanðBÞ ) [Beven et al., 1984; Kirkby, 1975] were computed for each of the 12 pixels suing the fine scale (30 m) elevation data. In the above formulation, A is the upslope contributing area at the location of interest, while B is the slope of the domain at the location. It has been reported by Pradhan et al. [2006] that the grid resolutions of the DEMs used to compute the topographic index have a significant influence on the reliability of the CTI values. As coarser grids are used, the reliability reduces. This is attributed to the fact that the higher resolution topographic characteristics are smoothed out and lost when coarse resolution DEMs are used. Hence we use the fine scale DEM to compute the CTI. The ''dinf '' algorithm suggested by Tarboton [1997] was used to compute the flow direction, and thus the upslope contributing area for the compound topographic index (CTI). This algorithm has been shown to provide more realistic representations since the flow directions are not fixed, and flow can occur in multiple directions.
[39] The average CTI values within each of the 12 analysis pixels were computed. The average and variance of the CTI at each pixel are plotted in Figure 7 . It can be seen that while there is only a small variation in the average CTI value, the distribution within each pixel, represented by the error bars, varies more significantly. This signifies that while at the coarse resolution, all the pixels may seem similar with respect to the CTI, at the finer resolution, there are big differences. It is seen that most of the pixels with significant number of wet days ( Figure 5 ) have lesser variation in the CTI. Table 6 shows the correlation coefficients between the simulated and ESTAR soil moisture values. Again, as in the previous section, it is seen that only the homogenized parameters' performance has some relationship with the CTI. The homogenization algorithm performed best in the four pixels which have the highest CTI, while they perform the worst in the four pixels with the lowest CTI. A high CTI value denotes either low changes in the relative elevations within the pixel, or monotonic changes in elevation. A low CTI value, on the other hand, signifies that a more complex terrain exists in the pixel. It can be seen that the three pixels (2, 6, and 7) in which the homogenized parameters performed best, as described in the previous section, have CTI values in the higher range. These pixels all had significant plateau areas with some portion of the domain sloping monotonically toward the flat land. At the other end of the CTI spectrum, pixel 3, although in the eastern third of the watershed, displayed the poorest performance by the homogenized parameters. This pixel had multiple valleys and ridges, thus creating a more complex topographic configuration.
Correlation of Average Soil Moisture Based on the Land Cover
[40] When the correlation coefficients between the ESTAR observed and simulated soil moistures, are sorted on the basis of the land cover within the pixel (Table 6) , it is seen that the pasture pixels have the best overall correlations, followed by the bare pixels for the topography-based and BNN based schemes. The pixels with a winter wheat cover show the least correlation between the simulated and ESTAR measure soil moistures. This could be due to crop management practices such as harvesting, or water logging taking place during this period, which has not been accounted for in our study. Furthermore, it is seen that most of the pixels with significant wet days have a pasture cover. The pixel with most wet days (pixel 5) has a bare soil cover. The homogenization and MCMC methods had no apparent pattern associated with the land cover.
Comparison of Generated Surface Runoff
[41] Streamflow gauges at two locations ( Figure 1 ) were used to compare the generated surface runoff quantities using the upscaled soil hydraulic parameters from the four scaling algorithms. The upstream gauge (USGS designation SG442) is situated near pixel 5, while the downstream gauge (SG447) is near pixel 9. Surface fluxes routed to the pixels containing the stream gauges are compared with the daily stream discharge data from these gauges as shown in Figures 8 and 9 . While the four scaling methods resulted in different values of the stream flux, the general trend is similar in all cases. It is seen that the plot for the upstream gauge ( Figure 8 ) displays high degrees of correlation between the measured and modeled fluxes. This is due to the small contributing area for this gauge. It must also be noted that the correlations are reported after correcting for a 1 day lag in the modeled fluxes. This lag is attributed to the time scale (daily) at which the flow routing is implemented between pixel domains in the watershed.
[42] At the downstream gauge (Figure 9 ), it is seen that the two scaling methods which take the topography into consideration have higher correlations between the measured and modeled fluxes. With a larger contributing area, the flux discharge at this gauge is more dependent on the topography than the upstream gauge. In this case, the correlations have been corrected for a 2 day lag. It is expected that there would be a threshold value for the catchment size beyond which the lag time would not rise. At this threshold size the travel time for surface runoff from the nearer pixels to the stream would dominate those from the farther pixels, thus creating a spread out response.
[43] Computational restraints permitting, if the entire watershed were to be simulated in HYDRUS as a single domain, slightly improved matches are expected between the simulated and measured streamflows. This would be attributed mainly to the fact that an offline routing algorithm would not be necessary for the overland and subsurface fluxes. This could result in elimination of the response time lag, and also a more continuous real-time distribution of soil moisture and fluxes.
[44] The objective of this study was to compare the performances of the four upscaling algorithms under similar conditions. From the results obtained, it was seen that, overall, the two algorithms (topography-based and BNNbased) which accounted for topographic variations in some form performed better than the two algorithms (homogenization, and MCMC-based) that did not factor in the effect of the topography. It has been previously hypothesized [Jana and Mohanty, 2012a] that different physical controls dominate soil property and moisture variability at different scales. It is thought that the soil texture and structure dominate at the smaller scales, while topography exerts more influence at hillslope (kilometer) scales. Beyond that, at regional scales, the vegetation or land cover may be the dominant control, giving way to the climate at continental scales. The above discussion brings out the fact that the homogenized parameters fared poorly in pixels with complex topographic configurations. However, the topographybased scaling algorithm, and the BNN-based technique, which incorporate the elevation differences in their routines fared equally well across all scenarios. The findings of this study strengthen the argument that at hillslope scales, the topography is a dominant factor in dictating the soil hydraulic parameter values, and thus the soil water dynamics.
The differences in the correlations based on the land cover suggest that the vegetation is exerting some influence on the soil moisture variation at the hillslope scale too.
[45] From this study it can be inferred that when the domain of interest and the support dimension are small, the choice of the upscaling algorithm does not make much difference since the soil parameter variability is dictated mainly by the soil texture and structure. However, at hillslope scales, selection of upscaling algorithms that account for the effect of the changing topography at that scale significantly improves the effective values for the soil hydraulic parameters. The two methods tested here which account for topography are designed such that when the domain has a lower topographic complexity, the effect of the topography is reduced. Hence, they can be assumed to be more generic scaling algorithms as compared to the two that do not include topography.
[46] Based on the simulated streamflow, users interested in flood analysis may prefer the MCMC-based method over the others since this method resulted in consistently higher estimates of the stream discharge during the peaks. Similarly, one interested in drought planning may prefer the topography-based scaling technique due to its better match with the observed low flow conditions.
[47] While the upscaling methodologies have been tested at only one watershed in this study, the original articles in which the methods have been developed report their performances under different hydroclimatic conditions. For example, the topography-based scaling algorithm has been tested by Mohanty [2012a, 2012b] at the Little Washita watershed as well as the Walnut Creek watershed in Iowa, apart from a synthetic study under different topographic scenarios. Similarly, Das et al. [2008] have tested the MCMC-based algorithm at the Little Washita (OK), Walnut Creek (IA), and the Walnut Gulch (AZ) watersheds. The BNN-based scaling algorithm has been applied at different locations in the Rio Grande basin and in the Walnut Creek watershed by Jana et al. [2008] and Jana and Mohanty [2011] . As such, the algorithms have been shown to be applicable to upscaling of soil hydraulic parameters under different conditions of climate, vegetation, topography, and soils. While the numerical value of the scale parameters in the change from site to site, the methodologies themselves hold good for all sites.
[48] Certain assumptions were made in setting up the hydrologic model such as the depths to the water table, the depths of the root zone, and the initial condition of the soil moisture. While it is always desirable to have the most accurate information when modeling, such assumptions are sometimes necessary as a trade-off between accuracy and practicality. If the water table data were much different from the model assumptions, different volumes of subsurface fluxes, soil water storage, and consequently surface runoff would be seen. Changes in the rooting depth would affect the ET fluxes, and also the soil moisture in the top layers. However, from the hydrologic simulations, we see that the simulated fluxes and soil moisture values match the variability in the observed values. Hence, the assigned water tables and rooting depths can be assumed to be reasonably close to reality. The initial conditions would definitely dictate the domain responses in the early phases of the simulations. However, after a certain duration, the initial conditions hold no influence on the simulations. This is the reason why we designate the first two months of the simulation as the model spin-up time and discard them from the analysis.
[49] It is possible that different soil parameters may be better upscaled by different methodologies. In such a scenario, the best set of effective upscaled parameters would be obtained by using a suite of algorithms instead of a single method. However, our aim was to obtain the overall best set of effective parameters at the coarse resolution, and to find out which single one of the four upscaling methodologies compared here resulted in the best match to observed data. Hence we do not consider the performance of individual parameters. Nevertheless, this is a suitable subject for further investigation.
Conclusions
[50] Four different techniques of upscaling soil hydraulic parameters from the 30 m resolution to a 1 km resolution were compared at the Little Washita watershed. A topography-based aggregation scheme, a simple homogenization method, an MCMC-based stochastic technique, and a Bayesian neural network approach to the upscaling problem were analyzed in this study. The equivalence of the upscaled parameters was tested by simulating water flow for the watershed pixels in HYDRUS-3-D, and comparing the resultant soil moisture states with data from ESTAR airborne sensor during the SGP97 hydrology experiment.
[51] Correlations of simulated and observed soil moistures were compared across time, location, elevation, vegetative cover, and with respect to topographic indices, with varying results. It was inferred that the inclusion of topography in the hydraulic parameter scaling algorithm accounts for much of the variability. The topography-based scaling algorithm, followed by the BNN technique, were able to capture much of the variation in soil hydraulic parameters required to generate equivalent soil moisture states in a coarsened domain. The homogenization and MCMC methods, which did not account for topographic variations performed poorly in providing effective soil hydraulic parameters at the coarse scale.
